ABSTRACT
Introduction
According to the Centers for Disease Control and Prevention (CDC), concussions are a significant public health and socioeconomic concern in the US. It is estimated that 1.6-3.8 million sport-related concussions occur each year in the US, accounting for 8.9-13.2% of high school injuries and 7.9% of collegiate injuries [1] [2] [3] [4] . Concussions are heterogeneous injuries involving physical, cognitive, emotional and behavioural symptoms. As such, current approaches to assess and monitor recovery are based on a thorough clinical evaluation of the injury, symptoms and risk factors, as well as multifaceted measures of neurocognitive, balance, vestibular and oculomotor impairment [5, 6] . However, the clinical presentation of concussion is highly individualized, with symptoms and impairments often evolving over time. The non-specific nature of associated symptoms can reduce the accuracy of concussion assessments such as symptom checklists and clinical interviews [7] . In addition, some tools that assess concussion measure indirect behavioural performance related to underlying brain injury rather than directly measuring the underlying brain injury itself with neurophysiological approaches. In order to better capture the heterogenic presentation of concussion and corroborate current behavioural assessments, additional tools are warranted that focus on objectively measuring the neurophysiological changes of concussion.
One approach that has shown promise in measuring the neurophysiological effects of concussion involves the use of event-related potentials (ERPs). The use of ERPs may augment clinical assessments and provide direct evidence of the clinical pathologies that underlie cognitive and other deficits, which may not be evident using other approaches [8] . Previous studies suggest that ERPs may serve as an objective index for chronic cognitive dysfunction associated with concussion and may also be correlated with symptoms [9, 10] . Importantly, researchers have suggested that a neuronal network deficiency may be involved in concussion [11, 12] . Specifically, changes were observed in patients with mild traumatic brain injury (mTBI) that included alterations in long-distance cortical functional connectivity as well as of interhemispheric connectivity and a departure from small-world like network configuration [11, 12] . In spite of these sparse findings, there is still no objective physiological marker for concussion.
Brain Network Activation (BNA) analysis is a novel technology that may help detect changes in brain activity and functional connectivity in patients with concussion. BNA is a high-density, multi-channel electroencephalogram (EEG-ERP) mapping and analysis tool [13] [14] [15] [16] [17] that evaluates network dynamics associated with brain responses. As a first step, BNA analysis reveals functional networks of brain activity that are common to a reference group of healthy subjects (Reference Brain Network Model; RBNM) for a specific state or experimental condition. Each RBNM is a spectro-spatiotemporal activity pattern, specific for a certain experimental condition/cognitive function. The oddball RBNM used hereby has been established prior to the current investigation on a large group of healthy subjects [18] (see Methods). This network could serve as a normative reference network for identifying changes in a patient's brain activity over time. At a second stage, a BNA score is produced for the participant at each evaluation session, which reflects the percentage of similarity between him and the RBNM. BNA scores can be monitored over time to track changes towards or away from the reference network.
BNA analysis addresses the traditional weaknesses of EEG/ ERP by standardizing the data acquisition, separating noise and signal and developing normative or other complex reference brain networks. Unlike other EEG/ERP-based analytical methods, BNA analysis does not evaluate the individual in terms of discrete values such as ERP amplitude, ERP latency, frequency-band power, phase-coherence and so forth. Rather, it quantifies the overall similarity of the individual's electrical activity in response to a cognitive task to a previously defined invariant model response that serves as a reference, which characterizes the majority of the normal population's brain network activity in response to the same cognitive task (the RBNM). Relying on this comparison, the BNA algorithm can track dynamic network organization in high temporal resolution using a three-dimensional formal graph representation system that depicts the evolution of event pairs in different spatial locations and frequency bands. Hence, the focus of BNA analysis is not on discrete parameters of EEG activity (such as spectral power), but on the entire network configuration, which is compared across different groups and conditions. In addition, the BNA system enables the stratification of populations into discrete sub-groups as well as a multidimensional assessment of treatment outcomes. For example, in a previous study involving patients with concussion, BNA analysis revealed that a sub-group of patients with post-traumatic migraine demonstrated a different recovery trajectory relative to patients without a migraine [18] . The purpose of the current study was to examine the utility of BNA analysis as an assessment tool for concussion in young athletes. This study also demonstrates its clinical utility via the presentation of representative case studies. It is argued, through the group results and the individual cases, that the BNA adds an objective, physiologically-based marker for concussion that augments current approaches to assessing this injury.
Methods

Participants
Two studies were performed concurrently at the University of Pittsburgh Medical Center (UPMC) and the University of Michigan Health System (UMHS). Both were two-arm, prospective studies conducted to evaluate the utility of BNA analysis to assess young athletes recovering from concussion.
A total of 167 subjects between the ages of 14-24 years participated in the study. Eighty-six athletes with a concussion were included in the study, with an average age of 16.4 (2) years [data are represented as average (SD)]. The control group consisted of 81 individuals with an average age of 17.4 (2.7) years. Controls were recruited via flyers and announcements at the sports teams' institutions. The data from nine subjects in the control group and six subjects in the concussion group were rejected from analysis prior to BNA computation due to noisy EEG data, resulting in data from 80 individuals in the concussion group and 72 individuals in the control group for the final analysis (see Table 1 ). Inclusion criteria were: sportrelated head injury that occurred between 2-10 days prior to evaluation for inclusion in the study and symptomatic. Exclusion criteria, for patients and controls, were: a history of severe TBI or brain surgery, a history of mild TBI in the past 6 months, any neurological or psychiatric disorder, substance abuse or current use of any medication affecting the central nervous system, as reported by the subjects. At both sites, patients were recruited through the Certified Athletic Trainers (ATCs) who delivered reports from the sports field to the treating clinic following the subject's head injury. Medical professionals (e.g. neuropsychologist, physician) trained in concussion assessment and management diagnosed the subjects with a concussion who were included in this study. Data from the two sites were combined into a common dataset for further analysis (hereafter, pooled dataset).
Subjects were followed over four visits after the head injury. At both sites, the first evaluation was performed between 2-10 days after the concussion (mean days from injury: UPMC = 4.1; UMHS = 3.2). The first follow-up visit (visit two) was performed 7 (±2) days following the first visit (UPMC) or at when the subject was asymptomatic (UMHS; mean days from visit one = 17.2). Subjects in the control group were matched with subjects in the concussion group for the time elapsed between visits. See Supplementary material for a flowchart of data collection across the two sites.
The poolability for the data from the first two visits across the two sites was statistically confirmed with t-tests on the amount of days elapsed for subjects in the control and concussion groups (ns). For further information regarding the poolability of the two studies, see sub-section 'Poolability assessment of the two datasets' in the Supplementary material. Two more visits were performed at each site-visits three and four. UPMC visits three and four were performed 7 (±2) days from the previous one, whereas at UMHS, the third was [19, 20] or via the Sports Concussion Assessment Tool (SCAT) [21] . Both scales include 22 symptoms that are ranked on severity between 0 (none) to 6 (severe), with a resulting total score ranging from 0-132. In addition, all patients had a clinical evaluation for their injury and a BNA test. The study was approved by the Institutional Review Boards (IRB) at both institutions.
Measures and instrumentation
Cognitive task
The auditory oddball task is a classic paradigm that has been used extensively in neurocognitive studies and in subjects who were neurologically compromised [22] . During the oddball task, subjects were seated in front of a computer screen and were asked to respond with a key press of their right index finger to a target tone of 1000 Hz, which occurred in 10% of all trials. Two other tones composed the remaining 90% of the trials: a frequent tone at 2000 Hz, which occurred in 80% of all trials, and a rare (or novel) stimulus which was presented in 10% of the trials, consisting of complex environmental sound samples from six categories: bird calls, animal sounds, machine noises, music, human noises and electronic sounds. Each presentation of the tones lasted for 120 milliseconds at an intensity of 70 dB SPL, from bi-lateral speakers located at the sides of the computer. The inter-stimulus interval was set to 1500 milliseconds. A total of 600 tones were presented, divided into blocks with brief breaks between them.
EEG recording and pre-processing EEG data were collected with a 128 (UPMC) or 256 (UMHS) electrode recording system (Electrical Geodesics), at a sampling rate of 250 Hz, with a centrally located reference electrode. All datasets were later interpolated offline using a cubic spline interpolation to produce a 64-channel data structure according to the international 10-20 system, prior to BNA analysis. This interpolation process ensures that all individual BNA networks are computed on a common spatial configuration of electrodes, regardless of the electrode configuration used for recording. During the pre-processing stage, data were band-pass filtered between 0.5-30 Hz and re-referenced to the average mastoids. Then, noisy electrodes were rejected from analysis, using customized functions, and their data were interpolated with the interpolation procedure mentioned above. Finally, eye-movement and blink related artefacts were detected and removed using independent component analysis [23] .
BNA analysis
A full description of the BNA algorithm is given elsewhere [13] [14] [15] 17] . Briefly, BNA analysis involves two independent processes: an independent group-level pattern recognition process resulting in the creation of RBNM and a subject-level process in which subjects are evaluated against the RBNM. The group-level pattern recognition process had been previously performed on a separate group of healthy subjects (see introduction) to generate the population's characteristic network for the same task-the RBNM. The RBNM is formed by clustering the basic time-frequency characteristics of the ERP of the pre-defined normative group of subjects (i.e. waveforms at specific location, amplitude, frequency and latency) and finding temporal relations between these clusters. The BNA algorithm extracts a set of spatio-temporal activity patterns produced by the experimental task. In particular, the algorithm seeks temporal relationships between pairs of salient ERP 'events', each at a given scalp location and a given frequency band. The RBNM is composed of all pairs of synchronized events in terms of time and amplitude that are common to the normative group of subjects. This pattern represented by the RBNM constitutes a functional brain network evoked by the experimental task in question (e.g. the 'frequent' condition of the oddball task) and the evolving network dynamics are depicted as a set of nodes connected by a set of links (see network in Figure 1) . The subject-level process is performed later by comparing the individual's BNA network to the RBNM and reflecting the degree of similarity between the two with a BNA score. This process was performed on the subjects of the current investigation, using a pre-defined age-matched RBNM of the oddball experiment. Importantly, subjects that are compared to the RBNM for scoring did not participate in the RBNM generation process. The BNA score is a numerical value between 0-100, where '100' designates complete congruence between the subject's and the group's networks and '0' indicates no similarity.
The oddball RBNM
The RBNM was generated a priori from data collected from participants at UPMC and UMHS (n = 120, 38 females; age = 18.7 (2.7) years; range = 14-25 years) while performing the auditory oddball task. Importantly, data from the subjects who generated the RBNM were not included in the pooled dataset of this research. The network that best represented sensory processing during the group's performance of the oddball task was chosen as the RBNM. This RBNM (Figure 1(a) ) represents synchronization of two peak electrophysiological activities in the theta frequency band (3-8 Hz), which was observed at fronto-central recording sites and occurred at 100 and 200 milliseconds (N100 and P200, respectively) (Figure 1(b) ). The N100 and P200 components are related to early sensory and perceptual processing and are associated with low-level attention allocation [24] . These components are influenced by common processes related to automatic stimulus processing, affected by early aspects of attention and orientation [25, 26] . The top coloured panel in Figure 1 (b) has 120 rows, one for each subject. In each row, the average activity of each subject is presented for the duration of the recorded epoch. Cool 
Statistical analysis of symptom scores
To assess the difference between the subjects in the control and concussion groups for total symptom score (see Methods for symptom questionnaires) across two visits of the pooled dataset, repeated ANOVA tests were performed with group (control, concussion) as a between-subjects factor and visit (one and two) as a within-subject factor. In addition, this study sought to assess whether the BNA algorithm performed differently on subjects in the concussion group who exhibited more symptoms, as opposed to patients reporting a lower rate of symptoms. For this purpose, this study delineated in the patient dataset a 'severe' concussion sub-set, defined as the patients who scored at the upper third (33rd percentile) in the total symptom score. The symptom score cut-off for this percentile was 41 in this population. Hence, separate repeated ANOVA tests with the same factors were performed for the entire range of symptom score severity and for severe symptom scores above the threshold of 41. Therefore, there is an overlap between the more severe symptom analysis (only > 41 points symptoms) and the analysis of all subjects.
Estimating the normal within-subject variability of BNA scores
The clinical utility of the BNA scores can greatly benefit from knowing the normal physiological variability of a single BNA score. For example, when a clinician is evaluating the score 70, he needs not only to compare it to the distribution of the normal population, but also does he need to know to what extent this score is stable over time or to what extent changes to this score in the following visits are due to random variability? For this purpose, a large and independent population of healthy subjects, age-matched to the RBNM group, had been previously recruited to estimate the within-subject variability (test-re-test) and determine a clinically meaningful normative change (see Reches et al. [13] ). A one standard deviation (SD) interval of physiological variability is depicted along with the BNA score for presentational purposes and can help the clinician in evaluating BNA score changes that go beyond the expected normal visit-to-visit variability. Note that the test-re-test data have no implications on the averaged group results reported hereby, but are used for the three case studies.
Results
The symptom score of the healthy control group remained stable (F < 1 in the planned comparisons) and low across visits, while the symptom score of the patients group was dramatically higher at the first than the second visit (F (1, 130 .54) = 207.72, p < 0.0001). Figure 2 displays the change in symptom scores across two consecutive visits for subjects in the control and concussion groups. The total symptom score of the subjects in the concussion group was higher than the score for subjects in the control group for both visits (visit one: F (1,214.29) = 191.27, p < 0.0001; visit two: F (1,220.45) = 24.01, p < 0.0001).
Each of the four panels in Figure 3 displays the discrimination of the BNA score between subjects in the concussion and control groups over time. The four panels are arranged in a two-by-two matrix such that severity of symptoms is represented along the horizontal axis and age group is represented along the vertical axis (Figures 3(a) and (b) ). This arrangement of the panels highlights the effect of concussion along each dimension (symptom severity or age group). The vertical column labelled 'all symptom scores' includes subjects with the entire range of symptom score severity. The vertical column labelled 'severe symptom scores' pertains to the subset of subjects whose symptom scores were considered severe (the upper third of the sample, see Methods).
The horizontal row labelled 'all subjects' includes all subjects, whereas the row labelled 'above 16 years old' represents the group with data from subjects between 14-16 years removed. This comparison was created since the aim was to examine the difference between subjects in the concussion and control groups along the two visits without the possible confounding effects of the adolescent age group, given that the ERP of adolescents is susceptible to neuronal maturation effects, especially in frontal and prefrontal cortex regions [27] [28] [29] . The cut-off of 16 years was determined as the higher end of the adolescent age group, since the median age of the entire population was equal to 16.4 . Figure 3 (a) displays the difference in BNA score as a function of symptom severity for all of the subjects participating in the study. Planned contrasts revealed that, only when the non-adolescent group is considered, a significant difference was obtained between subjects in the concussion and control groups at the first visit (F (1,118.32) = 4.92, p < 0.05; Figure 3(b) , left panel). An even stronger difference in BNA score at visit 1 is observed for this age group, when only the more severe mTBI sub-population is considered (F (1,84.88) = 7.51, p < 0.01; Figure 3 
Selected cases of individual subjects
This section explores the clinical utility of BNA as a physiological concussion assessment tool, by presenting three individual cases. All three cases involve athletes from the population included in the groups analyses from this report. Figure 3 . A 2 × 2 matrix displaying the discrimination between subjects in the concussion and control groups along two-dimensions: age (rows) and symptom severity (columns). The greatest effect emerges at the older group (> 16) with severe symptoms (right lower panel). In each of the four panels, the discrimination between the BNA score (y-axis) of subjects in the concussion (grey dashed) and control (solid black line) groups across visits (x-axis) is displayed. Vertical lines denote the standard error. Significant differences in group data are marked with * p < 0.05 and * * p < 0.01. +, a trend toward significance.
Each subject completed four clinical evaluation visits at comparable post-injury time periods. Figure 4 shows the BNA scores during the assessment visits in relation to the expected variance based on the test-re-test distribution, as well as to the distribution of the BNA score at the first test-re-test visit.
Case 1: High school aged male ice hockey player The first case, taken from UMHS, involves a 16-year-old male, high school ice hockey player, who sustained a concussion from a direct frontal head-to-head hit during a game. The patient was monitored during four follow-up visits at 4, 15, 23 and 35 days post-injury (DPI). The patient returned to play after visit 3 (23 DPI). The patient reported a large number of symptoms (total symptom score of 53) that were consistent with a diagnosis of concussion. The self-reported symptoms were: headache, dizziness, balance problems, sensitivity to light and noise, concentration problems, fatigue and drowsiness. The patient also reported that the severity of these symptoms was the highest immediately following the injury and decreased gradually (total symptom score of 31 at visit 2, 19 at visit 3 and 14 at visit 4). The BNA maps showed that the corresponding connectivity in the brain of this patient was significantly disrupted and network activity decreased immediately following the head injury (see Figure 4(a) ). The BNA score measured at 4 DPI was 16, well below the normal range. The patient's BNA score increased to 33 at 15 DPI and recovered to within normal physiological variability by 23 DPI. The BNA score plateau (i.e. from 72 at 23 DPI to 76 at 35 DPI) indicated that a stable neurophysiological condition was reached, which corresponded to the patient's symptom report.
Case 2: Collegiate female field hockey player
The second case, taken from UMHS, involves a 19-year-old female field hockey player who sustained a concussion from a direct blow to the head as a result of head-to-body contact. The patient had four follow-up BNA tests at 6, 30, 164 and 191 DPI. This patient reported very severe symptoms of concussion immediately following the head injury, with a total symptom score of 66 at her first visit at 6 DPI. The symptoms were: headache and pressure in the head, dizziness, sensitivity to light and noise, fatigue and drowsiness, confusion, as well as anxiety, sadness and irritability. From 6 DPI to 30 DPI, the severity of the reported symptoms (except for the sensitivity to light and noise) decreased substantially (total symptom score of 23) and remained at that level at 164 DPI (total To the left of each score is the first visit of the test-re-test data (i.e. the 'test'), which is tilted vertically such that the score's graph y-axis is also the distribution's x-axis. Finally, the symptom score graph at the right hand side represents the number of total symptoms in red and the total symptom score in blue.
symptom score of 20). After the visit to the clinic at 164 DPI, the patient returned to play hockey. At 191 DPI, the number and severity of the patient's symptoms reduced further, including the sensitivity to light and noise (total symptom score of 2). At 6 DPI, the BNA score for the patient was 10. The BNA score increased to 62 at 30 DPI, within the normal physiological variability and fluctuated within normal limits for the measurements at 164 and 191 DPI (with BNA scores 47 and 56 at visits 3 and 4 respectively) (see Figure 4(b) ).
Case 3: High school aged female soccer player The third case, taken from UPMC, involved a 15 year-old female soccer player suffering from a head-to-ground hit to the occipital region, after colliding with an opponent. She suffered from brief (i.e. < 30 seconds) loss of consciousness and reported numerous on-field symptoms including disorientation, headache, dizziness, balance problems and visual change and was sent to the hospital. However, as soon as her first visit to the clinic 6 days post-injury, the patient reported none of the above symptoms, but only mild difficulty to concentrate (see Figure 4(c) ). The BNA score at her first visit was inconsistent with her reported symptoms. Her BNA score was very low (i.e. impaired) at 17, while her reported symptoms were also low at 3 (i.e. recovered). During the next three visits her BNA scores increased from 17 to 48 at visit 1 to 2, and then remained stable throughout the remaining visits (with BNA scores 41 and 40 at visits 3 and 4, respectively). That is, her BNA scores stabilized around a moderately low value, whereas her reported symptomatology remained low (3, 0 and 0 at visits 2, 3 and 4, respectively). Importantly, the concussion date was near the final game of the season and the expert opinion reported by the clinician was that the patient may have been minimizing her symptoms. Keeping in mind that the patient's initial symptoms were severe, the BNA in this case is in line with the clinician's report and could have provided evidence that physiological recovery in the brain had not transpired and the patient was still injured, in spite of her report to the contrary.
Discussion
The group results of this research support the use of BNA analysis as a clinical aid-tool for evaluating functional network changes following sport-related concussion, for subjects above 16 years-old. The case studies presented demonstrate its clinical utility and how it can be used for longitudinal patient monitoring, helping clinicians to follow the evolution of suspected cognitive dysfunction over time and determine its stabilization phase. As seen in Figure 2 , the reported symptoms showed a robust difference between patients and control subjects and a reduction over time. This is expected and validates the procedure. However, the subjective nature of symptom scores and the fact that it is self-reported may make it very inaccurate on the individual subject level, as nicely exemplified by case study 3. It is argued that the BNA may be a good objective aid for the diagnosis, assessment and management of patients with concussion side by side with the traditional clinical evaluation. The physiologically objectivity of this tool reduces the limitations of self-reporting methods to assess and monitor concussion.
Subjects with a concussion exhibited functional network changes reflected by a low BNA score, which is associated with reduced task-related brain activity and connectivity, immediately following injury (Figure 3 ). This finding is in line with previous studies describing decreased functional brain connectivity in mTBI patients. For example, poor inter-and intra-hemispheric coherence in fronto-temporoparietal regions were found in mTBI patients vs healthy controls in different stages of working memory in the theta, alpha and beta frequency bands [30] . In addition, a deficiency in local and long-distance slow band-based connectivity has been documented in patients following brain injury [31] . The inadequate differentiation between subjects in the concussion and control groups that was found when younger subjects were included in the group statistics (Figure 3(a) , left panel) sheds light on the heterogeneity of concussion [32] [33] [34] . Moreover, findings in the literature suggest that, since adolescents undergo rapid cognitive growth periods, longitudinal monitoring of injury may become clouded for subjects between 14-17 years old [35, 36] .
Regarding the relationship between symptom severity and electrophysiological performance, previous findings indicate a relationship between the P300 component, associated with stimulus classification and evaluation and the severity of self-reported symptoms (see a review in Broglio et al. [8] ). However, because the RBNM used in this analysis was composed of the N100-P200 components implicated in sensory processing, as opposed to context updating related to the P3 [37] , it is difficult to draw a direct conclusion regarding this point with the pooled dataset analysed here. Additionally, it was previously demonstrated that concussion was related to the modulation of the P1 component associated with sensory processing [38, 39] . This relationship between concussion and a possible deficit in sensory processing strengthens the assumption that the larger difference in BNA score between subjects in the concussion and control groups reported in this study may be associated with increased symptom severity.
Further emphasizing the relationship between symptom severity and the magnitude of physiological impairment caused by concussion, a resting EEG-based TBI index was reported to be elevated in subjects with a moderate concussion when compared to subjects that had a mild concussion [40] . As such, a low BNA score, as reported in the current study, may indicate the need for a closer clinical evaluation of the patient. However, it is important to note that a low BNA score in the absence of other corroborating data (e.g. symptoms, cognitive dysfunction, vestibular dysfunction, oculomotor dysfunction, balance dysfunction) should not be used for diagnostic purposes, as it may be reflective of a patient's baseline state and not a change in their condition. Therefore, comparisons of BNA scores with other follow-up sessions or with a pre-injury baseline (if available) may provide more robust and clinically useful information.
Demonstrating group differences via statistical analysis in BNA or of any other physiological marker of concussion is not by itself indicative of the clinical utility of a tool for use with individual patients. This study, therefore, presented three case studies that highlight how BNA can be used to assist in the assessment and management of concussion. The first two cases present a situation in which the BNA score across visits follows the same overall trajectory as the symptom scores reported by patients. In such cases, the BNA is useful in augmenting information from clinical interviews, symptoms reports, cognitive testing and other assessments with a more objective physiological measure of brain function. There is one interesting difference between cases 1 and 2, however. As illustrated in case 2, the patient's reported symptoms resolve over a longer period of time (5.5 months post-injury) than the resolution of her BNA score. Interestingly, the clinician overseeing this patient's care believed that the remaining symptoms still apparent at visit 3 were likely due to secondary mechanisms post-injury rather than to the initial injury per se. Consequently, the clinician decided to return the patient to play at visit 3, despite her continued report of symptoms. This independent decision by the clinicians is in line with the earlier resolution of BNA 'steady-state' (a BNA score stabilization can be noted across visits 2 and 3). This case demonstrates that the BNA can provide valuable electrophysiological support to a clinician's decision to return an athlete who is experiencing symptoms unrelated to their injury. In case 3 the patient's symptoms decreased rapidly and resolved fully, whereas the BNA scores recovered more gradually and only partially. The rapid decrease in subjective symptom reporting may have been related to the clinician's belief that the patient was minimizing to facilitate a quick return to sport (see Results). As in case 2, the BNA data in case 3 support this clinical explanation. Therefore, if considered in concert with other tools available to the clinician, the BNA may reinforce clinical decision-making and provide additional evidence of recovery or a lack thereof.
When considering other aspects of the clinical utility of a novel tool such as BNA, one has to address the question of inclusion or exclusion of patients. In this case, the authors would like to note that a certain number of participants (9%) could not be appropriately addressed due to noisy EEG data and were removed from the dataset prior to analysis (see Methods). This is a normal situation in studies involving EEG, but in a clinical scenario these subjects may need to repeat the session. This is a price to pay for a clinical tool, despite it being a known property of EEG data in general. At present, the authors are working to establish better noise detection systems, part of which may be real-time analyses during data collection, for a better evaluation of noise during recording. Future reports may confirm a higher inclusion rate than the current 91%.
The current study was not without limitations. The group results presented in the main text were limited to the first two evaluation sessions. Given that this investigation was based on data from two different samples, this study assessed the similarity of the samples in terms of age and elapsed time following injury. Although the datasets of the two studies were poolable in terms of age and elapsed time for visits one and two, there were differences between the centres in visits three and four with regard to the elapsed time following injury. To be conservative, it was opted to present the entire set of four visits as Supplementary material only. It is believed that the poolability limitation of sessions three and four is mitigated for two reasons: First, when subjects in the control group were contrasted with subjects in the concussion group (each group pooled over both sites), no significant difference was revealed between the groups in visits three and four in their elapsed time. This indicates that the differences in elapsed time between the two centres did not confound the main comparison of interest between subjects in the concussion and control groups in the last two visits (Figure 3) . Second, a significant difference between subjects in the concussion and control groups was revealed only in the first visit, while in later visits either no effect was found or only a trend toward a difference was detected (Figure 3(b), right panel) . Thus, the major outcome of this study concerns the difference between subjects in the concussion and control groups in the first visit and, therefore, any possible confounding factors that may exist in subsequent visits have no effect on this finding. Nevertheless, one cannot exclude the possibility that differences in elapsed time between the centres may have confounded the trajectory of recovery as reflected by the BNA score. Therefore, the main analyses and conclusion do not focus on the time course of recovery from concussion and, therefore, do not include the latter two visits. In sum, a convergence is seen of the BNA scores for the subjects in the concussion group towards those of the subjects in the control group (see Supplementary material for all four visits), but future studies are needed to quantify the time course of changes in BNA score after a concussion.
Lastly, the authors would like to note the observed limitation of the current BNA results in terms of age. In this group analysis, the mean BNA score difference between patients and control populations reached significance only for subjects older than 16 years. One, therefore, cannot generalize the conclusions from this study to younger subjects. Moving forward, the plan is to extend the clinical utility of BNA as reported in the current study by identifying additional relevant RBNM networks, across age, gender and other groups (see Figure 1 for current reported network). Further research is currently being conducted to extend the pool of reference networks to allow for better generalization across patient groups and enhance the clinical utility of the current approach. Indeed, a recently published paper demonstrates preliminary evidence for clinical utility of BNA to refined age-bins such as 13-16 year-old patients [32] .
Conclusion
The preliminary findings from the current study suggest that BNA analysis may help to differentiate between subjects with a concussion and those without, on the basis of functional brain connectivity profiles. The current findings also provide initial support for the use of BNA analysis to track brain network changes to help augment current approaches to the assessment and monitoring of recovery following concussion.
